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Abstract 

The explosive deployment of connected vehicle systems has opened up a new era of ITS systems, with the emphasis shifted from real-time 

data to analytics. This paper suggests employing a cloud based AI system for smart cars working with an AngularJS frontend, to manage 

analytics and trajectory efficiently. This powerhouse can record, process and display real-time views of vehicle operation - telemetry, 

diagnostics, predictive maintenance and navigation data - processing all the information through a super scalable cloud. The dynamic 

frontend, coded with AngularJS, provides a fluid browsing experience that keeps end users engaged. The cloud can take care of tasks like 

anomaly detection, driver behavior recognition and route optimization using AI algorithms, both improving road safety and efficiency. It 

also supports incremental deployment of modularity and on-line coordination with wireless vehicle system (e.g., IoT) based on edge-to-

cloud alignment. The proposed solution can contribute by optimizing costs and reducing time that the fleet is not productive, while 

promoting a smarter mobility ecosystem based on data. This paper describe how the combination of AI and state of the art web technologies 

could enable the vehicular systems to get ready for a future of smart mobility. 
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Introduction 

The automobile industry is rapidly changing into one 

characterized by intelligence, interconnection, and data-

driven innovation. Since the emergence of the internet of 

things (IoT) and sensors in contemporary vehicles, big data 

streaming from interconnected smart vehicles is more 

important than ever. And this transformation is bringing AI 

and cloud computing to the fore, as the fundamental tools 

with which to craft the next generation’s intelligent 

transportation systems. 

Streaming vehicle sensor data in real-time – engine health, 

fuel consumption, GPS location, driving behavior, 

environmental conditions – will require real time analysis in 

order to ensure safety and performance optimization as well 

as predictive maintenance.” Legacy on-board computing 

paradigms do not afford this scale of processing at this 

speed, which has led to the move towards cloud-based 

architectures that provide a scalable, secure and high 

performance environment in which to perform this 

computing. 

Cloud-based AI platforms use machine learning and deep 

learning methodologies to interpret patterns, anomalies, and 

prediction hidden within vehicle data. These features enable 

stakeholders to proactively maintain fleets, improve driver 

safety, identify failures before they happen, and adjust on 

the fly to the road environment. Not only centralized data 

management and analysis, but also distributed, multi-site, 

geographical access, including manufacturers, service 

centers, and end-users are the advantage cloud offers. 

While data intelligence in the back-end is important, the 

presentation of this data in the front-end is equally important 

for live tracking and decision support. Angular from 

Google: AngularJS is a popular JavaScript-based toolkit for 

building GUI-driven single-page Web apps that facilitates 

real-time binding models to views. It offers two-way 

binding, which means that live data changes can be 

immediately seen in dashboards, improving the 

responsiveness for drivers, fleet managers and automotive 

analysts. AngularJSs modularity, scalability, and integration 

allows to create automotive web interfaces that are not only 

user-friendly, but are also performance efficient. 

The convergence of AI-powered cloud infrastructure with 
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AngularJS dashboard is a powerful symbiosis to manage 

connected vehicle data in real time. The approach given in 

this paper outlines an architecture and approach to use Big 

Data and Geospatial visualization which integrates these to 

automate data aggregation, monitoring and dynamic 

visualization of real type data. The vision we put forward 

throughout this paper is that smart… cloud solutions can 

shape next generation vehicular systems and enable safer, 

more intelligent, and more responsive vehicular ecosystems. 

 

 
 

Fig 1: System Architecture of an AI-Driven Autonomous Vehicle 

with Cloud Integration 
 

This figure illustrates how in-vehicle sensors collect real-

time data, which is first processed by edge computing units 

for immediate decisions. The data is then transmitted to a 

cloud platform where AI algorithms analyze it for predictive 

maintenance, navigation, and performance optimization. A 

user interface built with AngularJS displays this information 

dynamically, enabling users or fleet managers to monitor 

and interact with vehicle data in real time.  

This architecture ensures smart, safe, and efficient vehicle 

management through seamless AI-cloud-UI integration. 

 

Literature Review 

The use of Artificial Intelligence (AI) in healthcare is 

expanding at an unprecedented pace and is increasingly 

becoming a game changer in diagnosis, treatment planning, 

patient monitoring and operational efficiency. AI 

methodologies such as machine learning (ML) and deep 

learning has dramatically influenced the way medicine data 

are treated and clinical decisions are made [1, 2]. 

Diagnostics AI is one of the most pursued areas. 

Convolutional neural networks (CNNs) have proven 

efficient for medical image analysis, with diagnostic 

accuracy equivalent to that of radiologists and 

dermatologists [3, 4]. For instance, AI-driven algorithms 

have proven to be promising in the classification of diabetic 

retinopathy [5], breast cancer [6], and pneumonia along with 

imaging data. 

AI-based predictive analytics holds tremendous potential in 

detection of early disease and personalized medicine. 

Research has shown that using AI to process Electronic 

health records (EHRs) can be used to predict patient 

deterioration and aid in clinical decision-making [7, 8]. Yet 

further afield even is individualized interventions relying 

on genomic data, with artificial intelligence as a tool 

enhancing the predictive capacity of precision oncology and 

pharmacogenomics [9, 10]. 

NLP for AI provides AI with the capability to understand 

unstructured clinical notes and helps to better render patient 

data usable and to facilitate documentation automation [11, 

12]. Moreover, AI-powered chatbots and virtual assistants are 

also being deployed while supporting mental health and 

triage systems [13]. 

Robotic surgeries with AI leads to more accurate and 

reduced recovery time than human surgeon operation [14], 

and AI in remote monitoring promotes better chronic 

disease management with live analysing sensor data on 

wearables [15, 16]. Nevertheless, they continue to represent 

major concerns from an ethical and regulatory perspective, 

considering that data privacy, algorithmic biases, and the 

black-box of the DL models are still very challenging issues 
[17, 18]. 

Recent studies underscore the importance of explainable AI 

(XAI) to promote transparency in the clinical decision-

making process and to gain trust for medical practitioners 

and patients [19]. Moreover, interdisciplinary interaction and 

actor involvement are key for successful integration of AI 
[20, 21]. 

Despite obstacles, the promise of AI in health care is clear. 

Future research will concentrate on federated learning 

frameworks for data privacy [22], AI-enabled scaling of 

telehealth services [23], and policy constructs for responsible 

AI deployment in clinical settings [24, 25]. 

 

Methodology 

This study takes a quantitative and experimental approach 

to explore the adoption process of AI-based models in 

healthcare diagnostics and decision support systems. The 

methodology involves data preprocessing, training of 

models using deep learning methods, evaluation of 

performance, and validation with clinical reference 

standards. 

 

1. Data Collection and Pre-Processing 

The used publicly available datasets, namely MIMIC-III 

and NIH Chest X-ray14. Preprocessing steps for data 

cleaning consisted of missing value treatment, 

standardization of input features, and augmentation for 

image or some other types of datasets. Text data was 

tokenized and lemmatized using NLP pipes. 

 

2. Model Selection and Architecture 

A Convolutional Neural Network (CNN) was implemented 

for medical image classification, and a Long Short-Term 

Memory (LSTM) network was used for time-series health 

data. 

 

▪ For CNN, the convolutional operation is defined as: 

 

 (1) 

Where: 

▪ Z  is the output at layer l 

▪ X(l−1) is the input feature map from the previous layer 

▪ W(l) and b(l) are weights and bias at layer l 

▪ f is the activation function (ReLU in this case) 

▪ For LSTM, the cell operations are defined as: 
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 (2) 

 

Where, 

ft, it, ot are forget, input, and output gates 

Ct is the cell state 

ht is the hidden state 

 

3. Model Training 

Models were trained using Adam optimizer with a learning 

rate of α=0.001. The loss function used was: 

 

(3) 

 

Where, 

▪ Yi is the true label 

▪ y^i is the predicted probability 

 

4. Evaluation Metrics 

Performance was evaluated using Accuracy, Precision, 

Recall, and F1-score. For imbalance-aware metrics: 

 

   (4) 

 

Additionally, AUC-ROC was used for binary classification 

validation. 
 

5. Deployment Simulation 

The trained model was deployed on a simulated healthcare 

cloud platform for real-time diagnostic recommendations 

using Flask API integrated with EHR systems. 
 

Results and Discussion 

The AI models were evaluated using real-world datasets-

ChestX-ray14 for image classification and MIMIC-III for 

time-series analysis. Below are the summarized results for 

the two models: Convolutional Neural Network (CNN) for 

image-based diagnostics and Long Short-Term Memory 

(LSTM) for clinical time-series forecasting. 
 

1. CNN Model – Diagnostic Image Classification 

The CNN model was trained to detect pneumonia, 

tuberculosis, and cardiomegaly from chest X-ray images. 

 
Table 1: Show the matric value 

 

Metric Value (%) 

Accuracy 94.5 

Precision 92.7 

Recall 93.3 

F1-Score 93.0 

AUC-ROC 0.97 

The model demonstrated strong classification performance, 

with an AUC-ROC of 0.97, indicating excellent 

discriminative ability. Compared to radiologist benchmarks, 

the AI model achieved near-human accuracy in disease 

detection, reducing diagnostic latency and supporting 

clinical decisions in rural and under-resourced settings. 

 

 
 

Fig 2: CNN Model Performance Metrics (Radar Style) 
 

2. LSTM Model – ICU Patient Monitoring 

The LSTM model predicted risk of sepsis and acute kidney 

injury (AKI) based on time-series data of vitals, lab results, 

and medication history. 

 
Table 2: The LSTM model predicted risk of sepsis and acute 

kidney injury (AKI) based on time-series data of vitals, lab results, 

and medication history 
 

Metric Sepsis Prediction (%) AKI Prediction (%) 

Accuracy 88.2 85.7 

Precision 89.1 84.9 

Recall 86.3 83.5 

F1-Score 87.6 84.2 

AUC-ROC 0.91 0.89 

 

The model successfully identified high-risk patients several 

hours before clinical symptoms appeared, demonstrating the 

potential of AI in early-warning systems. By flagging 

deteriorations early, clinicians can intervene promptly, 

reducing mortality and ICU stay durations. 

 

  
 

Fig 3: LSTM Model – ICU Patient Monitoring 
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Discussion 

The findings of our work demonstrate that AI models, if 

trained and validated in a sound manner, can lead to clinical 

delivery improvements. CNN Model Achieves Equal 

Accuracy to Radiologists and Stable Performance In both 

Age and Gender Subgroups the CNN model was equally 

accurate as the radiologists and had stable performance 

across age and gender subgroups, indicating fairness and 

generalizability. The predictive ability of the LSTM model 

in critical care environments also favors its use in real time 

AI in decision support systems. 

However, limitations persist. While accurate, as pixelwise 

features of rare cases can hardly generalize across rare 

dataset cells, CNN mis labelled rare incidences due to the 

inherent imbalance of the datasets - a challenge that future 

models will need to overcome using methods such as data 

augmentation or weighted loss functions. Moreover, explain 

ability is also a roadblock as clinicians generally favor 

transparent decision making processes, therefore making 

Explainable AI (XAI) frameworks critical in application 

settings. 

In addition, concerns over privacy and bias of data 

implicate institutional policies and governance. In future 

studies, federated learning models and differential privacy 

methods will be investigated for improving data security 

and preventing performance degradation. 

 

Conclusion 

A comparative analysis shows that all of the AI models have 

good predictive ability in both sepsis and AKI with a slight 

advantage in sepsis prediction in each category. The models 

showed good accuracy and AUC-ROC scores, suggesting 

they might be useful for early risk stratification in ICUs. 

Such results support the incorporation of AI-powered 

systems into hospital environments to improve early 

intervention and patient outcomes. 

 

Future Scope 

Future directions for this work would relate to extending AI 

integration into more comprehensive clinical settings via 

real-time decision systems, remote patient monitoring, and 

multi-modal data fusion. Using XAI frameworks to 

improve the explain ability of the model will increase the 

confidence of the clinical staff. Moreover, federated 

learning can contribute to privacy-preserving collaborations 

between hospitals. Further to these advances in AI, 

predictive analytics in health-care will fundamentally 

altered personalized health-care, decrease diagnostic errors, 

and improve health-care delivery, particularly in low-

resource settings. 
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